This paper examines the causal relationship between exporting and productivity using a ten years long plant-level panel data set from an annual census of Ethiopian manufacturing, rarely available in the sub-Saharan Africa. We exploited its length to trace the trajectory of TFP and other productivity measures of groups of firms classified by their export history. We then tested learning-by-exporting using a onestep system-GMM approach with the export-status included directly in the production function. We addressed potential endogeneity problems by using instrumental variables, and also applied a matching analysis to address potential selection bias. We found strong evidence of not only self-selection but also learning-by-exporting. Depending on the specification previous exporting appears to have shifted the production function by 15-32 %. Exporters had on average three times more employees, and paid 1.6 times higher average wage than those of non-exporters. JEL-Classification: F14, O14, D21, L60
Introduction
Most countries in sub-Saharan Africa (SSA) gained independence in the early 1960s, and they generally chose an import-substitution industrialization strategy. Initially it seemed to work, but once the easy substitutions had been made the inefficiencies associated with protectionism became apparent. In the 1980s many countries introduced structural-adjustment programs, with a gradual reduction of the levels of protection, and even outright export-promotion measures. It was expected that the increased openness to international trade would increase efficiency and economic growth, because firms that export benefit from exposure to foreign technology, while larger markets and competition and larger markets would make it possible for them to exploit economies of scale and improve their productivity.
A number of studies have shown that exporters and non-exporters are quite different. Exporters are larger, more capital-intensive, pay higher wages, and are more productive than non-exporters (Clerides, Lach, and Tybout, 1998; Delgado, Farinas, and Ruano, 2002; Kraay, 1999; Aw, Chung, and Roberts, 2000; Bigsten et al., 2004; and Van Biesebroeck, 2005) . These characteristics of exporters could be either a cause or a consequence (or both) of their participation in the export market.
There are two competing hypotheses in the literature with regard to the relation between exporting and productivity -self-selection versus learning-by-exporting.
Self-selection asserts that firms which became exporters were more productive to start with and were thus more able to enter the export market. Firms that export incur additional costs, perhaps to modify domestic products for foreign consumption, for transportation, distribution, or marketing, or for skilled personnel to manage foreign networks. These costs are entry-barriers that more-productive firms were more likely to be able to cope with Tybout, 1997, Bernard and Jensen, 1999) . Export markets are also likely to be more competitive than domestic markets, making it harder for less-productive firm to overcome these barriers. Firms might even be forward-looking with the desire to export leading them to improve productivity so as to become competitive in foreign markets. Thus, there might be prior productivity differences between exporters and non-exporters (Wagner, 2007) .
Learning-by-exporting, on the other hand, asserts that even if there is selfselection, exporters also improve productivity because of entering foreign markets, which increases the competitive pressures on them, while also enabling them to exploit economies of scale. Firms which enter the international market are also more likely to acquire new technology. The two hypotheses are thus by no means mutually exclusive: High-productivity firms, that can afford the extra cost of entry into export markets, may still improve their productivity as a result of exporting (Fernandes and Isgut, 2004) .
Following the influential papers by Bernard and Jensen (1999) and Clerides, Lach, and Tybout (1998) there has been growing interest in testing the causal relationship between exporting and productivity. Most studies have found evidence supporting self-selection but not learning-by-exporting (e.g. Bernard and Jensen, 1999 , for the USA; Clerides, Lach, and Tybout, 1998, for Colombia, Mexico and Morocco; Arnold and Hussinger, 2004, for Germany; Delgado, Farnas and Ruano, 2002, for Spain; and Aw, Chung, and Roberts, 2000, for Taiwan) . However, some studies have found evidence of both self-selection and learning-by-exporting (Hahn, 2004, for Korea; Fernandes and Isgut, 2004, for Colombia; Kraay, 1999, for China; and Girma, Greenaway, and Kneller, 2004 , for the UK; and Bigsten et al., 2004 , as well as Van Biesebroeck, 2005 . Hence the evidence is mixed, which might indicate that the effects vary by economic environment. For example, exporting may have less effect on productivity in a highly industrialized country, where differences between exporting and non-exporting firms may be small.
The empirical evidence in Sub-Saharan Africa is meager, partly because of the lack of longer panel-data. Thought they differ in the number of countries included (four and seven), the only two studies, Bigsten et al. (2004) and Van Biesebroeck (2005) , both studies use the same data-source, a firm survey done by the Regional Program of Enterprise Development (RPED) in the 1990s, covering only three years, making it hard to identify a learning-effect. Longer panel-data might provide stronger evidence.
This study examines the causal relationship between exporting and productivity and adds to the literature in several ways. First, we used ten years of plant-level paneldata from an annual census of Ethiopian manufacturing firms with at least 10 employees. Such long panels are rarely available. Second, we present trajectories of productivity in extended pre-and post-export entry periods for groups with different export histories and examine the pre-and post-entry behavior of exporters with regard to investment activity, employment, and sales. Third, we apply a matching analysis to address selection bias in addition to controlling unobserved heterogeneity with general method of moments (GMM).
The next section presents the background and discusses the data. Section three then reviews methodological issues and recent results, and briefly sketches our empirical strategy. Section four reviews the performance of exporters and nonexporters over time, while section five provides the results from our regression analysis, controlling for unobserved heterogeneity and selection-bias. Section six summarizes the main findings and draws conclusions.
Background, data, and basic statistics
After the fall of the Dergue government in 1991 Ethiopia adopted a structural adjustment program similar to those that other African countries had pursued through the 1980s, including trade liberalization. In 1993, the new government initiated a comprehensive trade reform aimed at dismantling quantitative restrictions and gradually reducing the level and dispersion of tariff rates. Trade liberalization was accompanied by financial market liberalization and a large devaluation of the currency (Birr). Recently the government has increased the policy emphasis on export-led manufacturing growth, providing a wide range of incentives to promote exports. Textiles, leather, and agro-processing are the sectors that the government has most sought to promote. The 2001 Export Trade Duty Incentive Scheme included duty draw-backs, vouchers, and bonded manufacturing warehouses, whereby exporters are refunded 100% of any duty paid on raw materials. To further encourage exporters to acquire foreign technology and expertise, the government also issued directives in 2004 to reduce taxes and other costs on salaries paid to foreign experts.
Ethiopia still has a small industrial base, even by African standards. Table 1 shows the industry and manufacturing shares of GDP and the manufacturing share of merchandise exports of Ethiopia and sub-Saharan Africa as a whole. Ethiopia's industry share of GDP increased only from 10.7 % in 1996 to 13.3 % a decade later, much lower than sub-Saharan Africa (31.8 %). Ethiopia's manufacturing share of GDP also remains very low (5.1 %), again far less than the SSA, although the SSA numbers are somewhat distorted by the inclusion of South Africa, the single most industrialized country in the region. Ethiopian exports in 2005 were mainly food (62 %) and raw materials (26 %), while the manufacturing share of merchandize exports was only 11 %.
< Table 1 about here > The data used here was collected by the Ethiopian Central Statistic Agency (CSA). The 10-year unbalanced panel comprises 7870 firm/year observations.
Between 1996 and 2004 Ethiopian manufacturing grew at an average rate of 6% (Table 2 ). Output also grew by an annul average over 6 % in the same period, though highly variable. Employment growth was less than 2 %, however. Manufacturing was dominated by smaller firms, with highly-skewed size-distribution revealed by the big gap between mean employment (123) and the median (26).
< Table 2 about here > Table 3 shows export-participation and percent of exports in total production by industry. Overall, less than 5 % of manufacturing firms exported. The percent of exports in total manufacturing was less than 8 %. Among exporting firms about 32% of production was exported.
As noted, export participation varied enormously by industry: 88 % of manufacturing exports were concentrated in leather, textiles, beverages, garments, footwear, and food, in that order. Leather declined from over 91 % of all manufacturing exports in 1996 to 68 % in 2005, while food and textiles picked up the slack. These six industries also accounted for 62 % of formal manufacturing employment and 54 % of formal manufacturing output. Therefore the other industries are excluded from the rest of the analysis.
< Table 3 about here > In 2005 CSA started sampling rather than taking a census for some industries, for example bakery products. The number of bakeries (in the food industry) therefore, declined in the data in 2005. As a matter consistency, and since bakeries export very little, we excluded them in all years from the remaining analysis, which was thus based on 2250 firm/year observations. The annual CSA census includes questions on output, sales (domestic and exports), inputs and costs, employment, wages, other labor-costs, investment, etc. To estimate productivity we constructed series of inputs and output. Gross output was deflated by industrial output-deflators for each two-digit industrial classification.
Intermediate input-cost were taken as the sum raw materials, transport, and energy costs. In the absence of a sectoral input deflator, we used the GDP-deflator for raw materials, and for electricity the official electricity deflator; but for oil and transport costs we constructed a deflator from the reported volume and value of oil used.
The data provides beginning-of-the-year capital, investments, assets sold if any, and year-end capital for each firm and year. But for the sake of consistency we constructed a new series of capital stock using the perpetual inventory method.
Capital-stock was calculated as,
where K it-1 denotes the beginning-year capital; p t the investment-deflator; δ depreciation rate; and sK it assets sold in year t . Thus for each firm we took the beginning-year capital (when it entered the data set) as a base and constructed capital-stock sequentially by adding investment and subtracting assets sold and depreciation. We used different depreciation rates for different types of assets; 8 % for machinery and equipment; 5 % for buildings; and 10 % for vehicles and for furniture and fixtures. Then we derived a new capital-stock series (K) by taking the average of the beginning and year-end capital-stock.
Labor was measured as the sum of permanent and temporary workers, the latter adjusted to year-equivalent labor. However, to account for the quality-difference of labor in the production-function estimations, we constructed a labor quality index using the average wage differential between production workers, non-production workers, and seasonal workers.
Firm productivity and exporting: Methodological issues and recent results
There are two broad approaches to the analysis of the relation between exporting and productivity. One is to separate firms into exporters and non-exporters and assess the differences in productivity. The other is to test the effect of previous exporting in a firm-productivity regression that includes other explanatory variables. There are a number of extensions to each approach, briefly reviewed below. Bigsten and Söderbom (2006) and Wagner (2007) review recent results.
To examine self-selection into exporting among US manufacturers Bernard and Jensen (1999) estimated at two points in time the impact of previous performance (some years back) on the current export status. They also examined performance by firm-classification: always exported; started exporting; stopped exporting; switched back and forth; and never exported. Using a 5-year window, they found that those who started exporting began with higher productivity than those who never exported.
but lower than those who always exported. However, the productivity of those who started exporting rose before, and especially during, the year they began exporting.
Using the same method for Korean manufacturing, Hahn (2004) also found evidence of both self-selection and learning-by-exporting. Already several years before they began to export, plants that started exporting had higher TFP than did those that never exported, and they then widened the TFP-gap from those that never exported, while closing the gap to those that always exported. However, the learning effect is most pronounced immediately after entry into the export market. Fernandes and Isgut (2004) used the same method for Colombian manufacturing but with a seven-year window. They found a permanent jump in TFP when firms started to export and productivity growth remained positive up to four years later.
A source of continuous debate with regard to the other approach, firm productivity-regressions, is how to derive consistent and unbiased estimates of TFP.
Some studies have actually used a productivity-index that takes factor-shares of inputs as weights without regressing at all (e.g., Aw, Chung, and Roberts, 2000, for Taiwan and Korea; Hahn, 2004, for Korea; and Delgado, 2002, for Spain) . This indexapproach relies on assumptions that all markets are competitive, that factors are paid their marginal productivity, and that returns to scale are constant, among others. These are very restrictive assumptions, particularly for Africa (Söderbom and Teal, 2000) .
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But for those who derived TFP by regressing a production function, a major challenge is how to address the endogeneity that might arise from correlation between unobserved on productivity and inputs. Various methods have been developed, including a semi-parametric approach proposed by Olley and Pakes (1996) , and a GMM approach by Blundell and Bond (1998) . 3 Using an instrumental variable method in the two-step approach, where one first estimates the production function and then the productivity equation, does not address the endogeneity problem, because endogeneity might also arise due to omitted variables. If export participation is endogenous because it is positively associated with productivity then regressing the production function will yield inconsistent input-coefficients and productivityestimates. A one-step approach where export status is directly included in the production function might reduce the bias. Van Biesebroeck (2005) restrictive and therefore adopted a non-parametric strategy for characterizing the distribution of random effects.
Wagner (2002), Girma et al. (2004) and Arnold and Hussinger (2004) used a somewhat different approach, the matching-method from labor economics to control more precisely for differences between the "treatment" and the "control" groups. This approach addresses the problem that arises if the treated units (in this case exporters),
are not selected randomly from a population but are selected or self-selected according to certain criteria, so that , here, the effect cannot be evaluated simply by comparing the average productivity of exporters and non-exporters. In this approach, each exporter is matched to an untreated unit that is as similar as possible before treatment. Girma et al. (2004) found evidence of learning-by-exporting for UK 3 Olley and Pakes (1996) proposed a semi-parametric approach using observable micro information, for example investment, as a proxy to control for the part of the error correlated with inputs. Levinsohn and Petrin (2003) extended this approach by introducing the possibility of using intermediate inputs as a proxy rather than investment. Ackerberg and Caves (2003) and Bond and Soderbom (2004) criticized the proxy method, on the basis of the problems of identifying the parameters.
manufacturers, while Wagner (2002) found only weak effects, and Arnold and Hussinger (2004) found no significant effects of learning for German manufacturers.
We used a combination of the two broad methods reviewed above. First, following Bernard and Jensen (1998) , we exploited the long-panel nature of our data by comparing the productivity pattern of groups of firms by their export-history in a five-year window. We used not only TFP derived from a production function, but also labor productivity and labor cost per unit of output. We report the pre-and post-entry export behavior of firms with regard to investment, employment, and sales by different export participation histories.
Then in section five we used a one-step approach, with export status included directly in the production function. Following Blundell and Bond (1998) , we used an instrumental-variables approach, specifically system-GMM, to control for endogeneity. Then, following Wagner (2002) and Girma et al. (2004) , again using system-GMM, we used matching to control for selection bias.
Performance of exporters versus non-exporters

Exporters do better -export-premia
As has been found in many other studies, we also found that exporters' performance is much better than non-exporters' by various measures. Table 4 compares the average of certain indictors such as employment, average wages of production and nonproduction workers, capital per worker and output per worker of exporters and nonexporters by industry. Generally, exporters had more workers, paid higher wages for both production and non-production workers, had more capital per worker, and produced more output per worker. On average exporters were three times bigger in terms of employment, paid 1.6 times higher wages to workers, and produced 1.6 times more output per worker. These differences are similar to those reported for subSaharan Africa in Van Biesebroeck (2005).
< capital intensity (K/L), and average wage of production and non-production workers);
Export is a dummy variable for current export status (1 if export in year t; otherwise 0); and Control includes dummy variables for industry, year, and size of the firm. Table 5 shows the results. Even after controlling for industry, year, and size, exporters performed better than non-exporters, and all differences were highly significant. Wages were 33-35 % higher; output per labor was 22 % more; and TFP was 28% higher. These results are consistent with earlier findings.
< Table 5 about here >
The trajectory of productivity
A possible problem with the estimation above is that all the exporters are treated equally, regardless of whether they were always exporting, newly exporting, stopped exporting, or switched back and forth. To understand the dynamics of productivitychanges better, we classified firms into these groups:
Always exporting = firms that were exporting at the beginning of the sample period and continued exporting through the end (2005) Newly exporting = firms that began exporting during the sample period (possibly new firms entirely).
Switchers = firms that changed their status more than once
Never exporting = firms that never participated in exports
We test the self-selection and learning by exporting hypotheses using the following equation proposed by Bernard and Jensen (1999) :
where Y is a measure of firm performance; G is the set of four plant groups (always, entrant, switchers, and never exporting); and K is the set of locations in the five years window so that K = {-2, -1, 0, 1, 2}. D g and D k are dummy variables denoting plant group and location in the five years window, respectively. Thus, the coefficient β gk denotes the mean value of each group g at each location k. The control variables were again industry, year, employment size, plus age.
We use three different measures of firm performance -TFP, labor productivity (Q/L) and unit labor cost (ULC) -as dependent variables in separate estimations, all in levels. Equation 2 was estimated with the never exporting at period (-2) as control category. Using period (2) instead yielded similar patterns, with only some changes in scale. In all estimations we control for industry, year, and age effects. In addition we have controlled for size effects in the TFP estimation. Table B1 in the Appendix B
shows the full results.
In general, those always exporting, newly exporting, and switchers performed better than those never exporting on all three measures. Even before they began exporting, new exporters were better then those never exporting and they continued to widen the gap while converging and sometimes overtaking those always exporting.
Almost all their post-entry coefficients are significant at least at the 10% level. Figure 1 shows changes in productivity before and after those newly exporting began to export, compared to those never exporting. Those newly exporting had higher TFP at least one-year before they started exporting (panel a). They continuously increased their TFP throughout the given period with a marked jump when they began exporting. Similarly, those newly exporting had higher labor productivity and lower unit labor costs even before starting to export, and continued to improve, relative to those never exporting, at least during the fist year after entry.
< Figure 1 about here >
The fact that, even before they began to export, entrants' productivity was higher than that of non-exporters, is consistent with earlier findings (Bernard and Jensen, 1999; Hahn, 2004; Fernandes and Isgut, 2005) and supports the hypothesis of selfselection. The productivity of entrants was also found to increase in the post-export period (at least during the following year), and to remain higher, with a widening gap from those never exporting. This is evidence of learning-by-exporting.
Adjustments firms made before and after beginning to export
Exporting might help overall industrial expansion. How do exporters behave in terms of investment, employment, and sales before and after beginning to export, and how does it differ from non-exporters? Following Bernard and Jensen (1999), we estimated Equation (2) with employment, investment, and sales (all in levels) as dependent variables using a 5-years window, while controlling for industry, year, and age (full estimation results in Table B2 in Appendix B).
Firms that never exported were far below all other groups in employment, investment, and sales, with a declining pattern except in the fifth year (Figure 2 ).
Firms that always exported were above all other groups, but with a declining pattern.
Newly exporting firms, however, were far above those who never exported with a rising trend in all measures.
< Figure 2 about here > Investment grew slightly overall, with a peak in the year of entry (panel 2b).
newly exporting firms had many more employees, than those who never exported, but their employment fell overall after a peak in the year of entry (panel 2c). Overall, the biggest changes were in investment, especially during the year of entry, presumably as these intending to export prepared to do so. Sales rose slightly while employment fell slightly overall, again indicating increasing productivity.
Did exporting improve productivity? Controlling for unobserved heterogeneity and selection bias
Controlling for unobserved heterogeneity
We estimated a Cobb-Douglas production function specification with three factors.,
where Y is output and A is total factor productivity (TFP); K, L, and M are capital, labor, and intermediate inputs. A logarithmic transformation of Equation (3) yields
where lower case indicates logs of the same variables, and is a pure random error that is unknown to both the firm and the econometrician. 
where Z denotes control variables; it η firm specific aspect of productivity; and it ε is a pure random error.
The usual practice is a two-step estimation, with TFP first derived from Equation (4) and then estimated on prior exporting status and other controls with Equation 5.
However, the correlation between the factors and a possible unobserved effect that includes productivity might affect the coefficients of the factors, thus biasing the TFP derived. The endogeneity problem that might arise from unobserved heterogeneity can be corrected using instrumental variables as in the recently developed system-GMM approach by Blundell and Bond (1998) .
However, there is another source of endogeneity which might not be solved in this two-step framework. If export-status is correlated with inputs, then omitting the export-dummy from the production-function regression could yield inconsistent inputcoefficients and productivity-estimates. In that case a one-step approach with the export-status directly included in the production function might reduce the bias.
Substituting Equation (5) 
The variable of interest is the prior export-status. If δ turns out to be positive and significant, learning-by-exporting would seem to be occurring.
Using an export-dummy indicating only participation might not adequately capture the learning effects, however. Not all exporters have the same engagement in export markets. While some devote considerable resources to exporting, others -only marginally involved with little scope for learning -would probably generate a downward bias in the estimated learning-by-exporting effect (Fernandes and Isgut, 2004) . Following Fernandes and Isgut, we included two variables capturing export experience and production experience in a separate estimation. Export experience is defined here as the number of years the firm had exported up to t-1. Unfortunately data on experience was available only within the sample period, so a firm that exported in 1996 was counted as having one year of export-experience in 1997.
Production-experience was approximated by age of the firm. In all estimations we included year-and industry-dummies to control for any macro-cyclical effects or industrial differences.
The system-GMM method used to estimate Equation (6) combines the lagged levels of regressors and the dependent variable as instruments for the first-difference equation, and the first differences as instruments for the equation in levels. After experimentation with different instrumentations, we report the results that have passed the necessary tests in Table (6) . First lag and earlier were used as instruments for all the inputs for the differenced equation, second lag and earlier for output and the other explanatory variables. On the other hand, only lagged first-differences were used as instruments for the level equations. The null hypothesis that the instruments are valid was not rejected using the Hansen test, which is robust for two-step estimation. We found no evidence of second-order serial correlation.
The first column of Table 6 shows the basic results: The export-dummy is positive and significant, suggesting that previous exporting increased current productivity. The coefficient remained significant when export-and production-experience were included, (column 2). Thus, exporting in the previous year appears to have shifted the production function 15 -17 %. Neither export-experience nor firm age was significant in this framework.
As a robustness-check we also estimated the two-step approach with the derived TFP from Equation (4) used as dependent variable in estimating Equation (5), again using system-GMM. In addition to the one-year lagged export dummy, the model included lagged TFP, capital-intensity, firm age, and export-experience. Again, consistent with the learning-by-exporting hypothesis, previous exporting affected productivity positively and significantly. The results are not reported here to save space.
Addressing selection bias via matching
The most recent innovation in assessing learning-by-exporting through groupcomparisons, often used in the empirical labor market literature, is matching.
Identifying the effect of treatment (exporting) by simply comparing the treated and control (non-exporting) groups using all observations may be inappropriate. 4 Because selection into the exporting group is non-random, meaning that exporters may have very different characteristics from non-exporters. A better comparison would, thus be between exporters and the non-exporters with similar characteristics. When matching we select from the non-exporters those whose variables are as similar are as similar as possible to the exporters' (Girma et al. 2004 ).
We need first to identify those variables that make a firm more likely to export.
Size, capital-intensity, firm age, productivity, and type of ownership have been found to affect the probability of exporting (Roberts and Tybout, 1998; Bigsten et al. 2004; Arnold and Hussinger 2004) . Hence, using psmatch2 in Stata 9 (Leuven and Sianesi, 2003) we first estimated the probability of exporting (the "propensity score") using the following export participation equation
Where EX is another export-dummy, equal to one if the firm exported in year t, and zero otherwise. Size is the number of workers. K/L is capital-intensity, the ratio of capital to number of employees. Firm age is again the number of years since establishment. State is a dummy equal to one if state-owned, and zero otherwise. We also controlled for industry (IND) and year in all estimations.
The propensity score was estimated with a logistic model, k=5 nearest-neighbors matching, and common support conditions imposed. All but 14 of the exporting firms were matched with similar non-exporters. This was because of our imposition of common support that drops exporters whose pscore is higher than the maximum or less than the minimum pscore of the controls. A total of 388 non-exporting observations were assigned as matches to the 266 exporting observations. Size of the firm, age, capital-intensity, and being state owned all had significant positive effects on export-participation (Table B3 in Appendix B). Age had a concave relation with export participation. In the psmatch2 estimation (Table B4 in Appendix B). the TFP of exporters was higher than that of non-exporters, and this difference is significant in both unmatched and matched samples. Thus, even controlling for selection-bias exporters had higher productivity than non-exporters.
We tested the causal relation from exporting to productivity by estimating Equation (6) again based on the matching sample. After experimentation with different instrumentations, we report the results that passed the necessary tests in Table ( 6), column 3.
5 Previous exporting had a significant positive effect of about 32 %, twice the magnitude found in the estimation using all observations. Hence the matching estimation provides even stronger evidence of learning-by-exporting in Ethiopian manufacturing. The number of years exporting also had a positive effect at the ten percent level, providing some evidence of accumulated learning.
Summary and concluding remarks
The main aim of this paper has been to examine whether there has been learningfrom-exporting in the case of Ethiopian manufacturing. We used ten years of censusbased panel-data and exploited its length to trace the trajectory of TFP and other productivity measures of groups of firms classified by their export history. We then tested learning-by-exporting using a one-step system-GMM approach with the exportstatus included directly in the production function. We addressed the potential endogeneity problem by using instrumental variables, and also applied a matching analysis to address potential selection bias.
Exporting firms were generally more productive than non-exporters, and even prior to their entry into the export market. New exporters were also more productive than those who never exported. New exporters exhibited a surge of productivity in the year of entry, and continued to increase their productivity afterwards. This is evidence of both self-selection and learning-by-exporting.
In our explicit test of previous exporting in a production framework controlling for unobserved heterogeneity, we found further evidence of learning-by-exporting in Ethiopian manufacturing, even stronger when using the matched sample. Depending on the specification previous exporting appears to have shifted the production function 15-32 %.
Unlike other groups, new exporters increased capital investment and sales both before and after entry, with a remarkable jump in the year of entry. This suggests that new exporters made a conscious decision to upgrade their scale and quality of operations.
5 Twice lag and earlier of all variables in the right hand side except raw materials are used as instruments for the differenced equation. On the other hand, only the lagged first differences are used as instruments for the level equations. The null that the instruments are valid is not rejected using the Hansen test which is robust for two-step estimation. We have also found no evidence of second order serial correlation.
Exporters were not only more productive than non-exporters, but also had on average three time more employees They also paid on average wages 1.6 times higher than those of non-exporters, for both production and non-production workers. Despite these desirable characteristics, only 5 % of manufacturing firms were participating in the export market. Size and state-ownership were the most important factors determining export-participation. This suggests that some potential exporters face barriers to exporting. Especially since there are learning-by-exporting externalities, there are good grounds for policy-makers to intervene to reduce the barriers. The export-oriented measures just introduced in Ethiopia seem sensible, but the government should also support critical export infrastructure, such as the customs service, and the administration of taxation. The regulation of production has to be brought up to international standards. Ethiopia has a very long way to go before the economy is truly integrated with the world economy, but the evidence of learning-bexporting found here suggests a way forward. Note: a The low number firms in 2005 resulted from the statistics office decision to take samples in specific sectors, such as bakery products, furniture, and manufacture of articles of concrete, cement, and plaster. The total population of formal manufacturing establishments in 2005 is above 1100. nd lag and earlier for output and other explanatory variables. In the third column (in the matched sample) all are second lag and earlier except the raw material. On the other hand, only lagged first differences are used as instruments for the level equations. The standard errors are robust finite sample corrected on two-step estimates derived from Windmeijer (2000) . The Hansen test of the overidentifying restriction is a minimized value of the two-step GMM criterion function and robust to heteroscedasticity or autocorrelation and the null is that the instruments are valid. The serial correlation test is also reported as AR(1) and AR(2) under the null of no serial correlation. We only report the pvalues of these different tests. ***, **, and * represent 1 %, 5 %. And 10 % levels of significance respectively. Windmeijer (2000) . The Hansen test of the over-identifying restriction is a minimized value of the twostep GMM criterion function, robust to hetersoedasticity or autocorrelation; the null is that the instruments are valid. ***, **, and * represent one, five and ten percent levels of significance respectively. The control group consists of firms that never exported at period (-2). In all estimations we controlled year and industry, while for TFP size was also controlled. Value in parentheses are tstatistics; * significant at 10%, ** significant at 5%; and *** significant at 1%. The control group is never export at period (-2). In all estimations we controlled year and industry, and for the TFP estimation size was also controlled. The value in parentheses are t-statistics, * significant at 10%, ** significant at 5%; and *** significant at 1%. 
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